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Background: This study aimed to determine an optimal machine learning (ML)
model for evaluating the preoperative diagnostic value of ultrasound signs of
breast cancer lesions for sentinel lymph node (SLN) status.

Method: This study retrospectively analyzed the ultrasound images and
postoperative pathological findings of lesions in 952 breast cancer patients.
Firstly, the univariate analysis of the relationship between the ultrasonographic
features of breast cancer morphological features and SLN metastasis. Then,
based on the ultrasound signs of breast cancer lesions, we screened ten ML
models: support vector machine (SVM), extreme gradient boosting (XGBoost),
random forest (RF), linear discriminant analysis (LDA), logistic regression (LR),
naive bayesian model (NB), k-nearest neighbors (KNN), multilayer perceptron
(MLP), long short-term memory (LSTM), and convolutional neural network
(CNN). The diagnostic performance of the model was evaluated using the area
under the receiver operating characteristic (ROC) curve (AUC), Kappa value,
accuracy, Fl-score, sensitivity, and specificity. Then we constructed a clinical
prediction model which was based on the ML algorithm with the best
diagnostic performance. Finally, we used SHapley Additive exPlanation
(SHAP) to visualize and analyze the diagnostic process of the ML model.

Results: Of 952 patients with breast cancer, 394 (41.4%) had SLN metastasis,
and 558 (58.6%) had no metastasis. Univariate analysis found that the shape,
orientation, margin, posterior features, calculations, architectural distortion,
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duct changes and suspicious lymph node of breast cancer lesions in ultrasound
signs were associated with SLN metastasis. Among the 10 ML algorithms,
XGBoost had the best comprehensive diagnostic performance for SLN
metastasis, with Average-AUC of 0.952, Average-Kappa of 0.763, and
Average-Accuracy of 0.891. The AUC of the XGBoost model in the validation
cohort was 0.916, the accuracy was 0.846, the sensitivity was 0.870, the
specificity was 0.862, and the Fl-score was 0.826. The diagnostic
performance of the XGBoost model was significantly higher than that of
experienced radiologists in some cases (P<0.001). Using SHAP to visualize
the interpretation of the ML model screen, it was found that the ultrasonic
detection of suspicious lymph nodes, microcalcifications in the primary tumor,
burrs on the edge of the primary tumor, and distortion of the tissue structure
around the lesion contributed greatly to the diagnostic performance of the
XGBoost model.

Conclusions: The XGBoost model based on the ultrasound signs of the primary
breast tumor and its surrounding tissues and lymph nodes has a high diagnostic
performance for predicting SLN metastasis. Visual explanation using SHAP

made it an effective tool for guiding clinical courses preoperatively.
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Introduction

Breast cancer is the most common malignancy in women,
and its incidence is increasing annually (1). Whether sentinel
lymph node (SLN) metastases have important clinical
significance for breast cancer staging, surgical selection, and
prognosis is still being determined. Sentinel lymph node biopsy
(SLNB) is the gold standard for diagnosing SLN metastasis of
breast cancer. An invasive method, SLNB may cause
complications such as infection at the puncture site and
hematoma (2). Moreover, SLNB has a false-positive rate of
5%-10% (3), which leads to the possibility of secondary
surgery. This urgently requires imaging to accurately
determine the status of SLNs, to avoid extensive lymph node
dissection and minimize the trauma to patients.

Ultrasonography has become the preferred method for
breast diseases due to its advantages of non-invasiveness, high
reproducibility, and good patient cooperation (4). Previous
studies (5) showed that the morphological characteristics of
the primary breast cancer have a certain relationship with the
activity (biological behavior) of the tumor, and its morphology
will change with the biological behavior such as lymph node
metastasis. This suggests that monitoring the morphological
features of breast cancer lesions is of great value in assessing
SLN status. Conventional ultrasound can provide macroscopic
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features of lesions, but the weight of these macroscopic features
in relation to SLN status is unclear.

Machine learning (ML) algorithms have been applied in the
medical field for outcome prediction, diagnosis, and treatment
(6). For example, ML model has been used to differentiate
between benign breast nodules and breast cancer based on
ultrasound images (7). But the logic and complexity of various
ML algorithms are different (8), and there may also be
differences in clinical application. A study (9) compared the
diagnostic performance of different ML algorithms in the
diagnosis of benign and malignant thyroid nodules and found
that the random forest (RF) model achieved the best area under
the receiver operating characteristic (ROC) curve (AUC)
(0.924). Due to the complex nonlinear relationship of some
ML algorithms, the model results are difficult to interpret,
resulting in a “black-box” problem (10), which limits the
clinical application of predictive models. Therefore, the
interpretability algorithm of ML model results has become a
new research focus (11). SHapley Additive exPlanation (SHAP),
based on cooperative game theory, has global and local
interpretability, interpreting the predicted value of the model
as the sum of the contribution values of each input feature, that
is, the shapley value. Compared with other explanation methods
in previous literature, SHAP can visualize the prediction process
of complex ML prediction models. These advantages make it
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possible to solve the “black-box” problem of complex ML
models with SHAP. At present, SHAP has been successfully
applied to intraoperative hypoxemia risk prediction (12) and
COVID-19 prognosis assessment (13). Therefore, this study
aimed to develop a ML model based on the ultrasound signs
of breast cancer lesions and surrounding soft tissues and lymph
nodes to predict the risk of axillary lymph node metastasis in
breast cancer patients. Using SHAP to visually interpret the
prediction results of the ML model, so as to guide the clinical
formulation of personalized diagnosis and treatment plans. The
SHAP also can promote the clinical application of the
prediction model.

Materials and methods
Patients

As a retrospective study, this study was approved by the
Ethics Committee of the First Affiliated Hospital of China
Medical University (AF-SOP-07-1.1-07), which waived the
requirement for patient informed consent. All patients in this
study underwent ultrasonography of breast cancer lesions and
ipsilateral axillary lymph nodes in our department. The
inclusion criteria were as follows: (1) patients with primary
breast cancer who were first discovered and had no history of
other malignancies; (2) no axillary mass was found on physical
examination; (3) ultrasound examination within 2 weeks before
breast cancer surgery or percutaneous biopsy of the lesion; (4) no
other adjuvant therapy such as chemotherapy or radiotherapy
was performed before ultrasound examination; (5) and the
ultrasound image of the lesion was clear and complete. The
exclusion criteria were as follows: (1) non-single lesions; and (2)
absence of clinical data and pathology. Finally, we screened 902
consecutive female patients with breast cancer from June 2017 to
June 2021 as a primary cohort, constructed a predictive model,
and performed internal validation, with a mean age of 49.98 +
9.81 years (range: 24-86 years). Following the same inclusion
and exclusion criteria, we screened another 50 female patients
with breast cancer from July 2021 to December 2021 as a
validation cohort, with a mean age of 49.82 + 10.99 years
(range: 25-74 years). Pathological findings of all patients in
the primary cohort and validation cohort were confirmed
postoperatively or after percutaneous needle biopsy.

Ultrasound evaluation

In this study, three types of ultrasonic diagnostic
instruments including Hitachi HI VISION Ascendus (Hitachi
Medical Corp., Tokyo, Japan), Canon APLIO 500 (Canon
Medical Systems Corp., Otawara, Japan), and SuperSonic
Aixplorer (SuperSonic Imagine SA, Aix-en-Provence, France)
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were used for image acquisition, all of which were equipped with
superficial high-frequency linear array probes with a frequency
of 8-15MHz. Images were stored in the picture archiving and
communication system (PACS) workstation for further analysis.
Ultrasound signs of breast cancer lesions images in the PACS
workstation were evaluated by two experienced radiologists
without knowledge of the exact pathological findings. To
assess intra- and inter-observer reproducibility, radiologist A
assessed all ultrasound signs in the primary cohort and
reassessed these after 1 week to test for intra-observer
consistency. All ultrasound signs in the primary cohort were
also assessed by radiologist B and compared with those from
radiologist A to test for interobserver agreement. The evaluation
of ultrasound signs mainly included the shape of the original
lesion (oval, round, or irregular), orientation (parallel or not
parallel), margin (circumscribed, indistinct, angular,
microlobulated, or spiculated), echo pattern (hyperechoic,
isoechoic, hypoechoic, anechoic, or complex cystic and solid),
posterior features (no posterior features, enhancement, or
shadowing), calcifications (no calcification, macrocalcification,
microcalcification, or rim calcification), architectural distortion,
duct changes, hyperechoic halo, and suspicious lymph nodes.
Lymph node classification criteria (14) were evaluated, with
categories 1-3 considered benign, and categories 4-6
considered metastatic.

Data preprocessing

Firstly, we performed univariate analysis of all data from the
primary and validation cohorts to screen for ultrasound signs
associated with SLN metastasis. Then, it was found by statistics
that the number of samples in the SLN transfer group with a
small number of samples accounted for 41.4% (394/952) of the
total number of samples, which was a balanced sample.
Therefore, no relevant processing to deal with data imbalance,
such as over-sampled or under-sampled, is performed on the
dataset. Finally, in order to speed up the training and improve
the diagnostic performance of the model, we standardize and
normalize the dataset. For details of data preprocessing, see
Supplementary Material 1.

Screening and validation of machine
learning models

The 902 samples in the primary cohort were randomly
divided into ten parts, and 10-fold cross-validation were
performed on 10 ML algorithms such as support vector
machine (SVM), extreme gradient boosting (XGBoost), RF,
linear discriminant analysis (LDA), logistic regression (LR),
naive Bayesian model (NB), k-nearest neighbors (KNN),
multilayer perceptron (MLP), long short-term memory
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(LSTM) and convolutional neural network (CNN). The
diagnostic performance of all ML algorithms was adjusted by
grid search algorithm to optimize the performance of the ML
model and avoid overfitting of the model. We comprehensively
evaluated the diagnostic performance of 10 algorithms for
predicting breast cancer SLN metastasis using the Average-
AUC, Average-Kappa and Average-Accuracy derived from the
10-fold cross-validation. Then, the entire primary cohort was
used for 10 ML models for training. The diagnostic performance
of the ML model was verified through the validation set data,
and the diagnostic performance of all models were evaluated
using the ROC curve and the detection error trade-off (DET)
curve. Then we used the learning curve to verify the fit of the best
performing model. Finally, we compared the best performing
ML algorithm with experienced radiologist.

Visualizing machine learning models

SHAP measures feature importance by calculating the
contribution value, while describing whether the influence of
the feature is positive or negative (15). We also utilize SHAP for
the visual interpretation of the ML models both holistically and
individually (16), which facilitates the clinical applications of the
ML model (Figure 1).

Statistical analysis

SPSS (v. 26.0; IBM Corp., Armonk, NY, USA) statistical
software was used. Continuous variables were expressed as (X +
s) using independent samples t-tests and the F-test; categorical
variables were expressed as frequencies using the %> test and
Fisher’s exact test. P<0.05 means the difference is statistically
significant. Kappa (K) analysis was used to assess intra- and
inter-observer agreement. Data analysis used 10 ML algorithms
from the Scikit-learn (https://scikit-learn.org/stable/) and
Pytorch (https://pytorch.org/) packages in Python (version
3.8). Among them, SVM, XGBoost, RF, LDA, LR, NB, KNN,
MLP are from Scikit-learn, and LSTM and CNN are from
Pytorch. SHAP (https://github.com/slundberg/shap) was
performed using the SHAP Python framework (version 0.40.0).

Results

Basic clinical features of breast cancer
patients

The pathological results of 902 patients in the primary

cohort are shown in Table 1, of which 305 were confirmed by
surgery, and 597 were confirmed by percutaneous needle biopsy.
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There were 372 cases in the SLN metastasis group, with an
average age of 49.53 + 9.55 years (range: 26-86 years). There
were 530 patients in the SLN non-metastatic group, with an
average age of 50.29 + 9.97 years (range: 24-82 years). There was
no significant difference in age between the two groups
(t=1.153, P=0.249).

Ultrasound signs of breast cancer lesions

Univariate analysis of ultrasound signs in the primary cohort
and validation cohort to screen for risk factors associated with
breast cancer SLN metastasis (Table 2). We found that the echo
pattern (P=0.613) and hyperechoic halo (P=0.855) of lesions
were not significantly different between the two groups and were
removed. The remaining eight key ultrasound signs, such as
shape, orientation, margin, posterior features, calculations,
architectural distortion, duct changes and suspicious lymph
node, were used for ML algorithms screening.

Choosing a machine learning model

The intra-observer K value of radiologist A was 0.887-0.938
in the two evaluations of the ultrasound signs of lesions, and the
inter-observer K value of radiologists A and B was 0.876-0.917.
This shows that the evaluation of ultrasound signs was stable and
reproducible. All results of this study are based on the
ultrasound features of the lesion as assessed by radiologist A.

Based on the screened eight key ultrasound signs, the ROC
curves of 10 ML models of SVM, XGBoost, RF, LDA, LR, NB,
KNN, MLP, LSTM and CNN were compared by 10-fold cross-
validation (Figure 2). And the models were screened by Average-
AUC, Average-Kappa and Average-Accuracy (Table 3). We
found that the XGBoost model had the best Average-AUC
(0.952), Average-Kappa (0.763) and Average-accuracy (0.891).
Subsequently, we used the entire data from the primary cohort to
train 10 ML models. Finally, external validation of the model
used validation cohort has showed that the diagnostic
performance of the XGBoost model was still the best
(Figure 3). The AUC of the model was 0.916, the accuracy was
0.846, the sensitivity was 0.870, the specificity was 0.862, and the
Fl-score was 0.826 (Table 4). This further justifies the
correctness of our model selection and experimental
procedures. The DET curve shows that the false rejection rate
and false acceptance rate of the XGBoost model are lower than
other models (Figure 4). Additionally, we verified the fit of the
model using the learning curve, and the XGBoost model showed
a good fit (Figure 5). The Supplementary Material 2 shows the
modeling process of the XGBoost algorithm. Finally, we selected
the XGBoost algorithm, with the best diagnostic performance,
and compared it with the diagnoses from radiologist A.
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FIGURE 1

The flowchart of the study.

TABLE 1 Pathological types of breast cancer patients in the primary cohort.

Pathology No. (%) of patients

SLN non-metastasis SLN metastasis Total
invasive ductal carcinoma 403(76.0%) 356(95.7%) 759(84.2%)
ductal carcinoma in situ 106(20.0%) 14(3.8%) 120(13.3%)
mucinous carcinoma 7(1.3%) 0 7(0.8%)
mixed breast carcinoma 6(1.1%) 1(0.3%) 7(0.8%)
intraductal papillary carcinoma 4(0.8%) 0 4(0.4%)
invasive micropapillary carcinoma 2(0.4%) 1(0.3%) 3(0.3%)
invasive lobular carcinoma 1(0.2%) 0 1(0.1%)
malignant phyllodes tumor 1(0.2%) 0 1(0.1%)
Total 530 372 902

SLN, sentinel lymph node.
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TABLE 2 Univariate analysis of breast cancer SLN metastasis in primary and validation cohorts.

Variable

shape
oval
round
Irregular
orientation
parallel
not parallel
margin
circumscribed
indistinct
angular
micro lobulated
spiculated
echo pattern
anechoic
hyperechoic
isoechoic
complex cystic and solid
hypoechoic
posterior features
enhancement
no posterior features
shadowing
calcifications
rim calcification
no calcification
macrocalcification
microcalcification

architectural
distortion

no
yes

suspicious lymph
node

no
yes
duct changes
no
yes
hyperechoic halo
no

yes

SLN, sentinel lymph node.

Frontiers in Oncology

Primary cohort (N=902)

SLN metastasis

(N=372)

0
4 (1.1%)
368 (98.9%)

201 (54.0%)
171 (46.0%)

5 (1.3%)
24 (6.5%)
56 (15.1%)
75 (20.2%)

212 (56.9%)

0
0
76 (20.4%)
8 (2.2%)
288 (77.4%)

59 (15.9%)
69 (18.5%)
244 (65.6%)

10 (2.7%)
75 (20.2%)
66 (17.7%)
221 (59.4%)

23 (6.2%)
349 (93.8%)

110 (29.6%)
262 (70.4%)

159 (42.7%)
213 (57.3%)

247 (66.4%)
125 (33.6%)

SLN non-metastatic

(N=530)

0
33 (6.2%)
497 (93.8%)

368 (69.4%)
162 (30.6%)

20 (3.8%)
117 (22.1%)
266 (50.2%)
93 (17.5%)

34 (6.4%)

0
0
111 (20.9%)
17 (3.2%)
402 (75.9%)

144 (27.2%)
164 (30.9%)
222 (41.9%)

7 (1.3%)
275 (51.9%)
231 (43.6%)

17 (3.2%)

319 (60.2%)
211 (39.8%)

487 (91.9%)
43 (8.1%)

264 (49.8%)
266 (50.2%)

355 (67.0%)
175 (33.0%)

pP- Validation cohort (N=50) P-
Value Value
SLN metastasis SLN non-metastatic

(N=22) (N=28)
<0.001 0.277
0 0
5 (22.7%) 3 (10.7%)
17 (77.3%) 25 (89.3%)
<0.001 0.153
9 (40.9%) 18 (64.3%)
13 (59.1%) 10 (35.7%)
<0.001 0.014
0 0
0 4 (14.3%)
2 (9.1%) 6 (21.4%)
4 (18.2%) 10 (35.7%)
16 (72.7%) 8 (28.6%)
0.613 0.262
0 0
0 0
3 (13.6%) 9 (32.1%)
2 (9.1%) 1 (3.6%)
17 (77.3%) 18 (64.3%)
<0.001 0.045
0 6 (21.4%)
8 (36.4%) 11 (39.3%)
14 (63.6%) 11 (39.3%)
<0.001 0.004
0 1 (3.6%)
1 (4.5%) 12 (42.9%)
8 (36.4%) 10 (35.7%)
13 (59.1%) 5 (17.8%)
<0.001 0.001
4 (18.2%) 19 (67.9%)
18 (81.8%) 9 (32.1%)
<0.001 0.047
6 (27.3%) 16 (57.1%)
16 (72.7%) 12 (42.9%)
0.032 0.393
10 (45.5%) 17 (60.7%)
12 (54.5%) 11 (39.3%)
0.855 1.000
16 (72.7%) 20 (71.4%)
6 (27.3%) 8 (28.6%)
06 frontiersin.org
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FIGURE 2
The 10-fold cross-validation of machine learning algorithms.

Factors affecting diagnostic performance
of XGBoost model

We utilized SHAP to visualize the XGBoost model results.
The SHAP bar graph (Figure 6) was obtained by analyzing the
mean value of the absolute SHAP values of eight ultrasound

signs to show the degree of influence on the final predicted
probability. The SHAP scatterplot (Figure 7) shows the positive
or negative impact of each ultrasound sign on the predicted
probability through different colors. We found that suspicious
lymph nodes, with microcalcifications, spiculation at the edge of
the lesion, and distorted tissue structure around the lesion, had a

TABLE 3 Screening Evaluation Metrics for Machine Learning Algorithms Using 10-fold cross-validation.

Classifier LSTM CNN SVM KNN
Average-AUC 0.910 0.864 0.880 0.871
Average-Kappa 0.717 0.652 0.672 0.656
Average- Accuracy 0.877 0.833 0.794 0.811

LDA LR NB RF MLP XGB
0.886 0.891 0.874 0.881 0.883 0.952
0.691 0.702 0.624 0.706 0.698 0.763
0.852 0.823 0.857 0.744 0.779 0.891

AUC, area under curve; SVM, support vector machine; XGBoost, extreme gradient boosting; RF, random forest; LDA, linear discriminant analysis; LR, logistic regression; NB, naive
bayesian model; KNN, k-nearest neighbors; MLP, multilayer perceptron; LSTM, long short-term memory; CNN, convolutional neural network.
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FIGURE 3

ROC curves of the validation cohort.

greater positive impact on the diagnosis of SLN metastasis in the
XGBoost model. A Sankey diagram shows the distribution of key
ultrasound signs in the primary cohort (Figure 8). The SHAP
effort plot (Figure 9) demonstrates the cumulative effect of the
contribution of each ultrasound sign in the primary cohort on
the final decision. Figures 10, 11 show two examples of correctly

predicted SLN transfer and no transfer, respectively. SHAP
waterfall plots (Figures 10C, 11C) demonstrate the positive
and negative effects of each ultrasound sign on the predicted
outcome in a single case. E[f(x)] represents the basic prediction
probability of the XGBoost model, and f(x) represents the final
prediction probability of the model.

TABLE 4 Externally validate the performance of machine learning models.

Classifier AUC Accuracy Sensitivity Specificity F1-score
LSTM 0.901 0.826 0.957 0.724 0.830
CNN 0.859 0.826 0.826 0.828 0.809
SVM 0.846 0.788 0.739 0.828 0.756
KNN 0.860 0.788 0.739 0.828 0.756
LDA 0.871 0.827 0.780 0.862 0.800
LR 0.889 0.800 0.826 0.759 0.800
NB 0.858 0.846 0.826 0.862 0.826
RF 0.893 0711 0913 0.552 0.737
MLP 0.826 0.750 0.696 0.793 0.711
XGB 0916 0.846 0.870 0.862 0.826

AUC, area under curve; SVM, support vector machine; XGBoost, extreme gradient boosting; RF, random forest; LDA, linear discriminant analysis; LR, logistic regression; NB, naive
bayesian model; KNN, k-nearest neighbors; MLP, multilayer perceptron; LSTM, long short-term memory; CNN, convolutional neural network.
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FIGURE 4
Validation cohort DET curves of 10 machine learning models

Comparison of diagnostic performance
of XGBoost model with radiologists

Radiologist A considered suspicious lymph nodes detected
by ultrasound as the presence of SLN metastasis based on the
lymph node ultrasound appearance and clinical experience, and
we compared the diagnostic performance of the radiologists and
the XGBoost model in the validation cohort. It was found that
the AUC of the XGBoost model was 0.916, while the AUC of the
radiologist was 0.758 (Figure 12). The difference was significant
as determined by the DeLong method (P<0.001).
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Discussion

This study retrospectively analyzed the ultrasound signs and
pathological findings of a total of 952 breast cancer lesions in
primary and validation cohorts. Using these data to screen ten
common ML algorithms, it was found that the comprehensive
diagnostic performance of the XGBoost model was the best and
was higher than that of experienced radiologists (P<0.001).
Suspicious lymph nodes, microcalcifications, spiculation signs
at the edge of the lesion, and structural distortion around the
lesion had a greater impact on the diagnostic performance of the
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FIGURE 5
Learning curve of the XGBoost model.

XGBoost model and are the key ultrasound signs for predicting
SLN status. We further used SHAP to reasonably explain the
prediction results of the XGBoost model, which provides a
reliable auxiliary tool for clinical decision-making.

Previous studies have mostly used logistic regression to
construct nomogram clinical prediction models by extracting
ultrasound image features (17). Logistic models have good

interpretability, and their model coefficients represent the
importance of features to prediction results. A study (18)
compared the predictive ability of classification trees, random
forests, artificial neural networks, and support vector machines
in the ML algorithm with logistic regression and found that the
predictive ability of logistic regression was equally excellent.
However, this may not be statistically significant due to some
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The bar graph of the SHAP summary graph shows the effect of each ultrasound sign on the XGBoost model. “Suspicious lymph node” was the
factor that contributed the most to the prediction result, and margin, architectural distortion, and calculations also had a higher contribution to

the prediction result.
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are very clearly divided, and the margin is relatively clear. The higher the value (red), the greater the possibility of SLN transfer.

factors that have a causal relationship to the output variable (19).
Excluding variables based solely on statistical assumptions
reduces available information and may miss features that
improve predictive power. In addition, the logistic regression
model has low accuracy and is limited in practical clinical

application (20). This study found that the Average-AUC
(0.952), Average-Kappa (0.763) and Average-Accuracy (0.891)
of the XGBoost model in the 10-fold cross-validation were
higher than those of Logistic regression. The XGBoost model
in the validation cohort also performed well, with AUC of 0.916,
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accuracy of 0.846, sensitivity of 0.870, specificity of 0.862, and
F1-score of 0.826. We also compared eight other ML algorithms
(SVM, RF, LDA, NB, KNN, MLP, LSTM and CNN). The
comprehensive diagnostic performance of the XGBoost model
was still the best. Therefore, we chose to use the XGBoost
algorithm to build a clinical prediction model to achieve the
best diagnostic level. Next, we utilized SHAP to solve the
interpretability problem of the XGBoost model. Compared
with traditional ML model interpretation methods, SHAP not
only considers the influence of a single variable but also
considers the synergy between different variables and
distinguishes the positive or negative influence of variables by
color (21).

In this study, SHAP was used to find that suspicious lymph
nodes detected by ultrasound had a great impact on the
diagnostic performance of the XGBoost model. In addition,
ultrasonographic signs such as microcalcification in the lesion,
burr-like edges of the lesion, and disordered and distorted tissue
structure around the lesion had a significant positive effect on
the diagnosis of SLN metastasis by the XGBoost model. This
may be because tumor cells infiltrate the surrounding tissues,
invading the Cooper’s ligament and the lymph nodes through

the lymphatic vessels (22). In this study, suspicious lymph nodes
were assigned the largest contribution value in the SHAP map,
which is consistent with previous studies (23) in which the
detection of suspicious lymph nodes by ultrasound improved
the diagnostic specificity of breast cancer SLN metastases. At the
same time, Drukker et al. (24, 25) also confirmed that the
analysis of ultrasound images of axillary lymph nodes can
effectively predict breast cancer metastasis, but the AUCs were
0.85 and 0.86, which were lower than our study (AUC=0.916). It
should be considered, however, that this may be because we also
included the ultrasound signs of the primary lesions of breast
cancer patients to train the ML model, which further increased
the diagnostic performance of the model. Li et al. (26) found that
breast cancer with calcification had a higher rate of lymph node
metastasis. Luo et al. (27, 28) found that the tumor pathological
type, tumor burr sign, and calcification characteristics were
related to axillary lymph node metastasis. These studies are
consistent with the findings of the present study. The tumor edge
spiculation sign is often the manifestation of the infiltration and
growth of the lesion to the surrounding tissue, suggesting that
the tumor is malignant, and its OR value is 14.68-10.45 (29).
Compared with coarse calcification, micro calcification is usually

FIGURE 10
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Data from a female patient, 46 years old. (A). Right breast probing and hypoechoic lesions, not parallel to the skin, irregular in shape, burr-like
edges, and disordered echoes of surrounding structures; (B). Right axillary probing and echoes of suspicious lymph nodes. Pathological findings:
invasive ductal carcinoma, metastases in sentinel lymph nodes; (C). The waterfall chart of the XGBoost model predicted the process of SLN
metastasis in this case. For this patient, the predicted outcome was 77.2% (baseline: 44.5%), and high-risk factors for being diagnosed with SLN
metastasis included suspicious lymph nodes, spiculated lesion margins, and architectural distortion.
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lobulated at the edge, and echogenic in the rear; (B). No suspicious lymph node echo was detected in the right axilla. Pathological findings:
invasive ductal carcinoma, no metastases in sentinel lymph nodes; (C). The waterfall chart of the XGBoost model predicting the process of SLN
metastasis in this case. For this patient, the predicted outcome was 19.2% (the baseline was 44.5%), and the favorable factors mainly included
the margin of the lesion being lobulated, no suspicious lymph nodes being found, no obvious distortion of the tissue structure around the

lesion, and no calcification in the lesion

one of the indicators of rapid proliferation of cancer cells, and it
is also a manifestation of high tumor malignancy (30), which
increases the risk of SLN metastasis in breast cancer. In this
study, the SHAP map also found that the contribution of
architectural distortion to predicting SLN metastasis was
second only to suspicious lymph nodes. Architectural

distortion usually includes twisting of the ducts around the
mass, shortening and straightening of Cooper’s ligament, and
the mass breaching the anatomical plane to invade adipose tissue
(31). Paulinelli et al. (32) found that Cooper’s ligament
thickening is a characteristic of malignant tumors, and its
odds ratio value was 15.61. The studies of Woo (33) and Lee
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FIGURE 12

Receiver operating characteristic (ROC) curves of XGBoost models and radiologists. The areas under the curve (AUCs) of the two methods
(0.916 vs. 0.758) were significantly different as determined by the DeLong method (P<0.001).
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(34) also confirmed that the combination of ultrasound images
of primary tumor and peritumoral tissue can more effectively
predict the status of axillary lymph nodes. We believe that
training the XGBoost model with the best diagnostic
performance by synthesizing the ultrasound signs of breast
cancer lesions, peritumoral tissues, and suspicious lymph
nodes is the key to improving the accuracy of SLN metastasis
prediction. At the same time, SHAP provides a personalized and
reasonable explanation for prediction, breaking the “black-box”
problem that has been hindering the development of complex
models and significantly improving the application value of
clinical models and the confidence of clinicians in the
prediction model.

This study also has certain limitations. First, it was a single-
center retrospective study, with limited sample size and
regionality. Some cases were eliminated due to the quality of
lesion images, thus reducing the sample size. Second, the
pathological types of breast cancer included in the samples
are not comprehensive, which may affect the results of the
study. Third, a more detailed classification of the ultrasound
signs of the lesion is also required. In the future, this study also
needs to incorporate the relevant features of radiomics, and
further analyze and study other ML algorithms involved
in medicine.

In conclusion, this study more comprehensively
incorporates the ultrasound signs of the primary breast
cancer and its surrounding soft tissues and lymph nodes,
and establishes an XGBoost model to predict the metastasis
of SLN and used SHAP to solve the “black-box” problem that
hinders the clinical application of ML algorithms. It provides
clinicians with a non-invasive, efficient, and convenient
method, assists clinicians to understand the state of SLN
before surgery, and guides the selection and treatment of
surgical methods.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

References

1. Yardim-Akaydin S, Karahalil B, Baytas SN. New therapy strategies in the
management of breast cancer. Drug Discov Today (2022), 2022;27(6):1755-1762.
doi: 10.1016/j.drudis.2022.03.014

2. Lyman GH, Somerfield MR, Bosserman LD, Perkins CL, Weaver DL,
Giuliano AE. Sentinel lymph node biopsy for patients with early-stage breast
cancer: American society of clinical oncology clinical practice guideline update. J
Clin Oncol (2017) 35(5):561-4. doi: 10.1200/JCO.2016.71.0947

3. Krag DN, Anderson §]J, Julian TB, Brown AM, Harlow SP, Constantino JP,
et al. Sentinel-lymph-node resection compared with conventional axillary-lymph-
node dissection in clinically node-negative patients with breast cancer: overall

Frontiers in Oncology

14

10.3389/fonc.2022.944569

Author contributions

GZ, YS, FL participated in the conception and designed this
study. ZZ provided administrative support. GZ, PY, YF, XL
participated in the collection and arrangement of research data.
GZ, QZ completed the analysis and interpretation of the data.
GZ wrote the manuscript. All authors contributed to this article
and approved the submitted version.

Funding

This research was supported by the National Natural Science
Foundation of China (N0.81471809; N0.81971639).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/
fonc.2022.944569/full#supplementary-material

survival findings from the NSABP b-32 randomised phase 3 trial. Lancet Oncol
(2010) 11(10):927-33. doi: 10.1016/51470-2045(10)70207-2

4. Brem RF, Lenihan MJ, Lieberman J, Torrente J. Screening breast ultrasound:
past, present, and future. AJR Am ] Roentgenol (2015) 204(2):234-40. doi: 10.2214/
AJR.13.12072

5. Park VY, Kim EK, Moon HJ, Yoon JH, Kim M]J. Value of ultrasound-guided
fine needle aspiration in diagnosing axillary lymph node recurrence after breast
cancer surgery. Am J Surg (2018) 216(5):969-73. doi: 10.1016/j.amjsurg.2018.04.012

6. Rajkomar A, Dean ], Kohane I. Machine learning in medicine. Reply N Engl |
Med (2019) 380(26):2589-90. doi: 10.1056/NEJMral814259

7. Liu H, Cui G, Luo Y, Guo Y, Zhao L, Wang Y, et al. Artificial intelligence-
based breast cancer diagnosis using ultrasound images and grid-based deep feature
generator. Int ] Gen Med (2022) 15:2271-82. doi: 10.2147/IJGM.S347491

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2022.944569/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.944569/full#supplementary-material
https://doi.org/10.1016/j.drudis.2022.03.014
https://doi.org/10.1200/JCO.2016.71.0947
https://doi.org/10.1016/S1470-2045(10)70207-2
https://doi.org/10.2214/AJR.13.12072
https://doi.org/10.2214/AJR.13.12072
https://doi.org/10.1016/j.amjsurg.2018.04.012
https://doi.org/10.1056/NEJMra1814259
https://doi.org/10.2147/IJGM.S347491
https://doi.org/10.3389/fonc.2022.944569
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Zhang et al.

8. Bian J, Buchan I, Guo Y, Prosperi M. Statistical thinking, machine learning. J
Clin Epidemiol (2019) 116:136-7. doi: 10.1016/j.jclinepi.2019.08.003

9. Zhang B, Tian J, Pei S, Chen Y, He X, Dong Y, et al. Machine learning-
assisted system for thyroid nodule diagnosis. Thyroid (2019) 29(6):858-67.
doi: 10.1089/thy.2018.0380

10. Castelvecchi D. Can we open the black box of AI? Nature (2016) 538
(7623):20-3. doi: 10.1038/538020a

11. Nyrup R, Robinson D. Explanatory pragmatism: a context-sensitive
framework for explainable medical AL Ethics Inf Technol (2022) 24(1):13.
doi: 10.1007/s10676-022-09632-3

12. Lundberg SM, Nair B, Vavilala MS, Horibe M, Eisses MJ, Adams T, et al.
Explainable machine-learning predictions for the prevention of hypoxaemia during
surgery. Nat BioMed Eng (2018) 2(10):749-60. doi: 10.1038/s41551-018-0304-0

13. Pan P, Li Y, Xiao Y, Han B, Su L, Su M, et al. Prognostic assessment of
COVID-19 in the intensive care unit by machine learning methods: Model
development and validation. ] Med Internet Res (2020) 22(11):e23128.
doi: 10.2196/23128

14. Bedi DG, Krishnamurthy R, Krishnamurthy S, Edeiken BS, Le-Petross H,
Fornage BD, et al. Cortical morphologic features of axillary lymph nodes as a
predictor of metastasis in breast cancer: in vitro sonographic study. AJR Am J
Roentgenol (2008) 191(3):646-52. doi: 10.2214/AJR.07.2460

15. Ma P, Liu R, Gu W, Dai Q, Gan Y, Cen J, et al. Construction and
interpretation of prediction model of teicoplanin trough concentration via
machine learning. Front Med (2022) 9:808969. doi: 10.3389/fmed.2022.808969

16. Goodwin NL, Nilsson SRO, Choong JJ, Golden SA. Toward the
explainability, transparency, and universality of machine learning for
behavioral classification in neuroscience [published online ahead of print,
2022 Apr 26]. Curr Opin Neurobiol (2022) 73:102544. doi: 10.1016/j.conb.
2022.102544

17. Jiang T, Su W, Zhao Y, Li Q, Huang P. Non-invasive prediction of lymph
node status for patients with early-stage invasive breast cancer based on a
morphological feature from ultrasound images. Quant Imaging Med Surg (2021)
11(8):3399-407. doi: 10.21037/qims-20-1201

18. Christodoulou E, Ma ], Collins GS, Steyerberg EW, Verbakel JY, Van Calster
B. A systematic review shows no performance benefit of machine learning over
logistic regression for clinical prediction models. J Clin Epidemiol (2019) 110:12—
22. doi: 10.1016/j.jclinepi.2019.02.004

19. Jonczyk MM, Fisher C, Babbitt R, Paulus JK, Freund KM, Czerniecki B, et al.
Surgical predictive model for breast cancer patients assessing acute postoperative
complications: The breast cancer surgery risk calculator. Ann Surg Oncol (2021) 28
(9):5121-31. doi: 10.1245/s10434-021-09710-8

20. Song R, Cui Y, Ren ], Zhang J, Yang Z, Li D, et al. CT-based radiomics
analysis in the prediction of response to neoadjuvant chemotherapy in locally
advanced gastric cancer: A dual-center study. Radiother Oncol (2022) 171:155-63.
doi: 10.1016/j.radonc.2022.04.023

21. DaiC,FanY,LiY, Bao X, Li Y, Su M, et al. Development and interpretation
of multiple machine learning models for predicting postoperative delayed

Frontiers in Oncology

15

10.3389/fonc.2022.944569

remission of acromegaly patients during long-term follow-up. Front Endocrinol
(2020) 11:643. doi: 10.3389/fend0.2020.00643

22. Zong Q, Deng J, Ge W, Chen J, Xu D. Establishment of simple nomograms
for predicting axillary lymph node involvement in early breast cancer. Cancer
Manag Res (2020) 12:2025-35. doi: 10.2147/CMAR.S241641

23. Alvarez S, Aforbe E, Alcorta P, Lopez F, Alonso I, Cortés J. Role of
sonography in the diagnosis of axillary lymph node metastases in breast cancer:
a systematic review. AJR Am ] Roentgenol (2006) 186(5):1342-8. doi: 10.2214/
AJR.05.0936

24. Drukker K, Giger M, Meinel LA, Starkey A, Janardanan J, Abe H.
Quantitative ultrasound image analysis of axillary lymph node status in breast
cancer patients. Int ] Comput Assist Radiol Surg (2013) 8(6):895-903. doi: 10.1007/
511548-013-0829-3

25. Coronado-Gutiérrez D, Santamaria G, Ganau S, Bargallo X, Orlando S,
Oliva-Branas ME, et al. Quantitative ultrasound image analysis of axillary lymph
nodes to diagnose metastatic involvement in breast cancer. Ultrasound Med Biol
(2019) 45(11):2932-41. doi: 10.1016/j.ultrasmedbio.2019.07.413

26. Li JN, Xu J, Wang J, Qing C, Zhao YM, Liu PF. Correlation between
mammograghic findings and clinical/ pathologic features in women with small
invasive breast carcinomas. Asian Pac J Cancer Prev (2014) 15(24):10643-6. doi:
10.7314/apjcp.2014.15.24.10643

27. Luo Y, Zhao C, Gao Y, Xiao M, Li W, Zhnag J, et al. Predicting axillary
lymph node status with a nomogram based on breast lesion ultrasound features:
Performance in N1 breast cancer patients. Front Oncol (2020) 10:581321. doi:
10.3389/fonc.2020.581321

28. Qiu X, Jiang Y, Zhao Q, Yan C, Huang M, Jiang T. Could ultrasound-based
radiomics noninvasively predict axillary lymph node metastasis in breast cancer? J
Ultrasound Med (2020) 39(10):1897-905. doi: 10.1002/jum.15294

29. Costantini M, Belli P, Ierardi C, Franceschini G, La Torre G, Bonomo L.
Solid breast mass characterisation: use of the sonographic BI-RADS classification.
Radiol Med (2007) 112(6):877-94. doi: 10.1007/s11547-007-0189-6

30. Logullo AF, Prigenzi KCK, Nimir CCBA, Franco AFV, Campos MSDA.
Breast microcalcifications: Past, present and future (Review). Mol Clin Oncol
(2022) 16(4):81. doi: 10.3892/mco0.2022.2514

31. Mercado CL. BI-RADSupdate. Radiol Clin North Am (2013) 2014;52
(3):481-487. doi: 10.1016/j.rc1.2014.02.008

32. Paulinelli RR, Freitas-Janior R, Moreira MA, de Moraes VA, Bernardes-
Junior JRM, ds Silva Rocha Vidal C, et al. Risk of malignancy in solid breast nodules
according to their sonographic features. J Ultrasound Med (2005) 24(5):635-41.
doi: 10.7863/jum.2005.24.5.635

33. Moon WK, Lee YW, Huang YS, Lee SH, Bae MS, Yi A, et al. Computer-
aided prediction of axillary lymph node status in breast cancer using tumor
surrounding tissue features in ultrasound images. Comput Methods Programs
BioMed (2017) 146:143-50. doi: 10.1016/j.cmpb.2017.06.001

34. Lee YW, Huang CS, Shih CC, Chang RF. Axillary lymph node metastasis
status prediction of early-stage breast cancer using convolutional neural networks.
Comput Biol Med (2021) 130:104206. doi: 10.1016/j.compbiomed.2020.104206

frontiersin.org


https://doi.org/10.1016/j.jclinepi.2019.08.003
https://doi.org/10.1089/thy.2018.0380
https://doi.org/10.1038/538020a
https://doi.org/10.1007/s10676-022-09632-3
https://doi.org/10.1038/s41551-018-0304-0
https://doi.org/10.2196/23128
https://doi.org/10.2214/AJR.07.2460
https://doi.org/10.3389/fmed.2022.808969
https://doi.org/10.1016/j.conb.2022.102544
https://doi.org/10.1016/j.conb.2022.102544
https://doi.org/10.21037/qims-20-1201
https://doi.org/10.1016/j.jclinepi.2019.02.004
https://doi.org/10.1245/s10434-021-09710-8
https://doi.org/10.1016/j.radonc.2022.04.023
https://doi.org/10.3389/fendo.2020.00643
https://doi.org/10.2147/CMAR.S241641
https://doi.org/10.2214/AJR.05.0936
https://doi.org/10.2214/AJR.05.0936
https://doi.org/10.1007/s11548-013-0829-3
https://doi.org/10.1007/s11548-013-0829-3
https://doi.org/10.1016/j.ultrasmedbio.2019.07.413
https://doi.org/10.7314/apjcp.2014.15.24.10643
https://doi.org/10.3389/fonc.2020.581321
https://doi.org/10.1002/jum.15294
https://doi.org/10.1007/s11547-007-0189-6
https://doi.org/10.3892/mco.2022.2514
https://doi.org/10.1016/j.rcl.2014.02.008
https://doi.org/10.7863/jum.2005.24.5.635
https://doi.org/10.1016/j.cmpb.2017.06.001
https://doi.org/10.1016/j.compbiomed.2020.104206
https://doi.org/10.3389/fonc.2022.944569
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	A machine learning model based on ultrasound image features to assess the risk of sentinel lymph node metastasis in breast cancer patients: Applications of scikit-learn and SHAP
	Introduction
	Materials and methods
	Patients
	Ultrasound evaluation
	Data preprocessing
	Screening and validation of machine learning models
	Visualizing machine learning models
	Statistical analysis

	Results
	Basic clinical features of breast cancer patients
	Ultrasound signs of breast cancer lesions
	Choosing a machine learning model
	Factors affecting diagnostic performance of XGBoost model
	Comparison of diagnostic performance of XGBoost model with radiologists

	Discussion
	Data availability statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


